Motion blur, which increases the difficulty of locating and identifying target objects, has always been an ill-posed issue of space-based imaging system. In our paper, we point out the issue of deblurring degraded images caused by relative motion between space-based imaging system and observation targets. Such as motion of target objects to be observed or tremors of space-based imaging system. We propose a strategy to deblur degraded images that uses Estimation of Distribution Algorithm to obtain a better motion blur kernel in both linear and non-linear non-blind deconvolution situations. To produce a deblurred result, the strategy will be applied on a single image collected from the space-based imaging system on our Sandroid CubeSats, a member of NanoSats. Sandroid bases on Android operating system and our Sandroid CubeSats make full use of mobile device cluster as the main support of computing resources. Currently, the superior on-board computing capability of our Sandroid CubeSats makes sure that the proposed strategy is operative. In addition, experimental results prove that the proposed strategy is efficient and effective.
Introduction
NanoSats has become a viable access to larger spacecraft, designed to provide general users with access to similar functions in mainstream space missions. But when we use our specially designed imaging system on Sandroid CubeSats to take photographs of other spacecrafts, motion blur occurs in this case. In the situation of space-based imaging, many photographs record precious moments that can not be recaptured or repeated under different imaging system settings.
During the exposure time, the relative motion between the space-based imaging system and the observed objects in the scene results in motion blur [1] . Due to the restrictions of the volume and the mass weight of NanoSats, the accuracy of imaging system on NanoSats is relatively low, and the communication bandwidth is not sufficient, making it virtually impossible to downstream all captured images to the ground station for a next-step post-processing. At the same time, the imaging system moves at a very high speed, and is not fixed in space relative to the Earth, since the NanoSats typically work in low Earth orbit. To restore degraded nature images, researchers have proposed a lot of effective algorithms in the last few decades, there is still a lack of attention to the problem of motion blurring in space-based imaging systems. Based on the analysis above, we propose a strategy as our Sandroid CubeSats imaging system pre-processing steps to deal with motion blur. The proposed strategy is designed to run in two modes, and the strategy consists of four steps: image capture, image pre-processing, motion blur kernel estimation and non-blind deconvolution. To estimate the motion blur kernel, we applied an Estimation of Distribution Algorithm (EDA) to obtain linear motion blur kernels. In our previous paper [2] , we used an Improved Genetic Algorithm (IGA) to search better motion blur kernels and then performed non-blind deconvolution, although the result is effective, but the running time of the algorithm was still a little bit long, so we turned to some other optimization algorithms, such as EDA. EDA is a combination of genetic algorithm and statistical learning. The statistical model is used to describe the individual distribution of the promising solution space. The evolution of population is realized by randomly sampling the promising solutions to generate new population and then repeat the iteration until convergence. EDA provides a new approach to solve complex optimization problems. It can be used to describe the interrelations among variables with a proper probabilistic model, which is more effective to solve nonlinear and multi-variable optimization problems. Experimental results show that EDA is a more efficient solution to high-dimensional problems and can reduce time complexity at the same time.
The rest of this paper is structured as follows. In Section 2, we review the related work of motion deblurring. In Section 3, we address the deconvolution problem of spacebased imaging on Sandroid CubeSats and describe the details of the proposed strategy of single image deblurring. In Section 4, we show the results of our proposed strategy applied on both synthetical produced images and real space-based images, and compare results of our proposed strategy with other deblurring methods. Finally, we draw our conclusion with a discussion and introduce our future work in Section 5.
Prior Work
Current researchers have focused on handling image motion blurring problem caused by imaging system shaking or object movements. They always assume that the entire degraded image shares a uniform or an identical blur kernel or Point Spread Function (PSF). When the PSF is known, or can be obtained elsewhere, to deblur the images, the well-known non-blind deblurring algorithms such as Richardson-Lucy [3] and Wiener Filter [4] can be applied. These conventional deblurring algorithms may introduce undesirable artifacts, such as ringing artifacts and amplified image noise, in the deblurring results due to errors in the PSF estimation or convolutions with PSFs that cause irreversible frequencies.
Thus, image deblurring related research, including camera shaking or object movement and other types of motion blur, often focusing on motion blur kernel estimation or methods to enhance deblurring results. For instance, to reduce image noise and ringing artifact, Dey et al. [5] , Chan et al. [6] applied a total variation regularization. Fergus et al. [7] performed gradient domain statistics and then used a variational Bayesian approach for more accurate PSF estimation. In order to make PSF more effective for deconvolution, Raskar et al. [8] proposed a novel approach by encoding the exposure time. Jia [9] took advantage of the alpha matte of an object to obtain a better PSF. Levin et al. [10] demonstrated a method for regularizing the results of defocus images deblurring with gradient sparsity prior. We can also use this prior to images ruined by motion blur. Yuan et al. [11] proposed a multi-scale and coarse-to-fine approach to deblur degraded images. Cho et al. [12] introduced a fast almost real-time deconvolution algorithm utilizing sharp edge prediction. Krishnan et al. [13] proposed Hyper-Laplacians priors for fast deconvolution. Xu et al. [14] separated the kernel estimation and deconvolution into two phases and applied L1-norm regularization in the frequency domain for fast kernel estimation and deconvolution. [15] Cho et al. [16] used the ExpectationMaximization (EM) approach to handle outliers in nonblind deconvolution. Tai et al. [17] used motion-aware filtering to remove image noise before deconvolution, which was shown to be effective. Xu et al. [18] used deep convolutional neural network for image deconvolution.
The methods involved above always solve a specified problem with some constraints, such as uniform PSF assumption, user interactions dependent and requirements for high-resolution images etc. Most of high efficient methods are tend to be relatively high computational consumption, which would be a great challenge to our Sandroid CubeSats. In addition, some methods need additional hardware support, such as GPU acceleration and hybrid imaging system etc., which seems impossible to implement on our Sandroid CubeSats in recent future.
EDA Based Strategy
In this section, we first describe the problem settings and introduce a model to formulate it. Then the proposed strategy is described in details.
Problem Description
The motion blur kernel (or PSF) for this imaging situation can simply be considered linear, based on the simulation system we built for the Sandroid CubeSats imaging system. In order to get PSF, we need two main parameters to describe the blur kernel: PSF length and direction [19] . In the case of uniform motion deblurring situation, we use the same PSF to deblur the entire image, and in non-uniform motion deblurring, we use different linear PSF in different patches of the image. Therefore, the motion blur of the Sandroid CubeSats imaging system can be modeled as a linearly filtered version of the potentially sharp image, and the blur kernel describes the motion in a scene during the exposure time. If we consider image noise, image color saturation, and other errors, motion blur can be modeled as the following flexible form
where b, g and f represent the observed degraded image, the potentially sharp image and the motion blur kernel PSF, respectively. ⊗ is the convolution operator. In addition, n represents an error in the degraded images, which is commonly referred to as additive image noise.
To solve this problem, we need to search the combination of direction and length of PSFs in a given solutions space which follows an explicit probability distribution, so we devised a strategy based on EDA to direct and accelerate the searching process. Estimation for the blur kernel f is obtained as a byproduct. The ultimate goal of motion deblurring for this setting is to recover the potentially sharp image g in the case of input of the degraded image b for a given target spacecraft.
Strategy Details
"As a member of NanoSat, our Sandroid CubeSat is a three-unit CubeSat, including an imaging system, a power module, a communication module and an attitude control system etc.. In addition, there is a Nubia Z7 mainboard on each side of our Sandroid CubeSat. All of the four smartphone mainboards run an Android Operating System customized for space mission. Four smartphone motherboards are interconnected by high-speed communication cables, such as USB hubs, which forms a small but powerful and reliable cluster. The smartphones in the cluster are technically called Nodes. The imaging system is also connected to the cluster through System Integration Unit via CubeSat Space Protocol (CSP) [20] ". [2] Figure 1 shows the conceptual design model of our Sandroid CubeSats. In this paper, the whole deblurring strategy is divided into four setps and the entire deblurring task can be accomplished in two modes. We developed four Sandroid APPs to finish the four steps, which are Scapture.apk for images capturing, Spreprocess.apk for degraded images preprocessing, SPSF.apk for PSF estimation and non-blind deconvolution in Sdeblur.apk. To improve the efficiency of deblurring strategy, we designed two running modes for proposed strategy. When the deblurring task is relatively simple, we run Mode A, which finishes the whole deblurring task using only a single node. Otherwise, we need to accomplish the deblurring task in Mode B, which breaks down the whole deblurring task into a certain number of parts and then distribute them to four nodes to carry through. Details can be found in Figure 2 .
During the process, Scapture.apk sends command to Figure 2 . Two running modes for proposed strategy. Mode A, which finishes the whole deblurring task using only a single node, Mode B breaks down the whole deblurring task into a certain number of parts and then distribute them to four nodes to carry through. the imaging system to take photographs. And then Spreprocess.apk perform potentially sharp image prediction, which consists of gamma correction, bilateral filtering and shock filtering. We use bilateral filter to eliminate possible additive noise and suppress slight details. After that, we apply shock filter to restore strong edges of g. In addition, to reduce artificial ringing, we perform edge taper at last. In the step of motion blur kernel estimation in SPSF.apk, the direction and the length of PSF form a candidate solution of many, which we call population that follow an explicit probability distribution. In order to search the best solution from the whole promising solutions, we designed a fitness function to score the promising solutions. The main idea of the fitness function is that we turn the searching problem into an energy minimization problem. The energy consists of two terms, the data term E data and the regularization term E prior . E data measures the error between the convolved image and the degraded image, and is usually written as the following form [1] 
where Φ is a distance function. A common definition is Φ(·) =∥ · ∥ 2 [4] , representing the L2-norm of all elements. It is also called the Gaussian likelihood. E prior is denoted as a function Ψ(g), which has different specifications in existing approaches. We choose Tikhonov regularized approach [21] , which is used to enforce smoothness on image values
given E data and E prior , the potentially sharp image g can be estimated by minimizing the energy function consisting of two terms, expressed as
for overall energy minimization. λ is a weight with a value of 0.005.
As described in Algorithm 1, the algorithm starts with an initially generated model, which is encoded using uniform distribution over the promising solutions. It iterates through iterations to sample and build an explicit probability model of a promising solution until a pre-specified stop criterion is met. The procedure of the EDA in PSF estimation can be represented as follows: 
Results
Based on the approach described above, we first test our strategy in a synthetical setup where the ground truth is known and images are synthetically blurred, which are intended to check out how the direction and the length of motion blur kernels influence the performance of proposed strategy. Next, we apply our proposed strategy on real space-based images to produce deblurred results. In this scenario, images are taken from space-based imaging simulation system which represent motion blur from the tremors of space-based imaging system.
Experiment Setup
We create a set of images of size 512 * 512 with linear motion blur, they are blurred synthetically with different PSFs Select a subset of promising solutions from M (i) based on the fitness evaluation. Construct a probabilistic model of the selected solutions subset, sample a new set of solutions from the model which forms population M (i + 1).
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Evaluate the scores of M (i + 1) under the designed fitness function. 9 until i ≥ G or already get a satisfied parameter pair. 10 Using direction theta and length len to generate blur kernel f . 11 return blur kernel f . in direction and length. The proposed strategy produces slightly different but similar results for the same single input image. In our experiments, we ran the proposed strategy five times and then used the average result as the output to generate the motion blur kernel.
Result Analysis
The results of the proposed strategy are comparable to those of other algorithms and the run-time is reasonable compared to other complex motion deblurring algorithms or to other optimization algorithms, such as Genetic Algorithms (GAs), which may take hours to converge to a reasonable solution. The running time depends on number of generations and the size of population. It costs about 20 minutes to converge when we set generation to 25 and choose the size 100 of population, in [2] , the time of convergence is about 30 minutes. In addition, compared to [2] , strategy with EDA provides optimization practitioners with a set of probabilistic models that show a great deal of information about the problem being solved, which simplifies the process, reduces runtimes, and reduces memory consumption, finally speeding up the entire process. Table 1 shows the average error in the blur kernel estimation and the average Peak Signal to Noise Ratio (PSNR) values of the result. The result shows that the effectiveness of our proposed strategy is comparable to the typical deblurring methods, such as [12] . Figure 3 shows the results of the proposed strategy and other methods on the synthesis settings. Figure 4 shows the results of strategies and other methods based on real space-based images. Under the space-based imaging situation, we firstly transform the deblurring problem into a motion blur kernel searching problem, with the help of optimization algorithm, such as IGA, we can do the search in a high efficiency way. Figure  5 shows the comparison on both running time and memory consumption between our previous work and proposed strategy. It indicates that our EDA based strategy is more efficient than strategy with IGA in terms of both time consuming and memory consumption.
Conclusion
In our research work, we address the motion blur issue of space-based imaging on Sandroid CubeSats, and propose a strategy based on optimization algorithms, such as Improved Genetic Algorithm (IGA) and Estimation of Distribution Algorithm (EDA), to deblur a single degraded spacebased motion blurry image from our Sandroid CubeSats imaging system. These strategies take advantage of the powerful computing resources on our Sandroid CubeSats.
The result of our experiment shows that compared to the typical deblurring methods, our strategies are effective. In addition, the result also shows that our EDA based strategy is more efficient than strategy with IGA in terms of both time consuming and memory consumption. When we take the particularity motion blur of space-based imaging into consideration, the EDA based strategy works efficiently in motion blur kernels searching and ensures the effectiveness of the strategy at the same time.
In the future, when we face a bunch of degraded images taken from space-based imaging system, we first perform proposed strategy on these degraded images and then decide whether to downstream potentially sharp images to the ground station. This would significantly save a lot of communication bandwidth while communication resources are precious and limited, especially on Sandroid CubeSats. The potentially sharp images restored from degraded blurry space-based images could greatly improve the accuracy when we need to analyze the target spacecrafts, which may also be helpful for many other astronomy activities, such as space-based spacecrafts locating and identifying. Since almost all kinds of resources on Sandroid CubeSats are precious and limited, for our further research, we are going to focus on reducing the consumption of onboard computing resources as much as possible. Under the premise of effectiveness, we will try to solve the deblurring problem by combining Deep Convolutional Neural Networks (DCNN) with the advanced technology, transfer learning. The basic idea is that, firstly, we use DCNN to train a model for natural image deblurring at ground station. Secondly, adjust the model parameters with transfer learning to fit the space-based imaging situation. Finally, upstream the model to our Sandroid CubeSats and apply the model to deblur degraded images collected from the imaging system on Sandroid CubeSats. 
